importance to the management of exploited migratory populations, which may be subject to the same harvesting effort, despite potential differences in abundance and productivity. Simultaneous harvest of multiple populations, exemplified by mixed stock fisheries, presents both benefits and challenges for management and conservation.
Yields may be more stable across years because of the buffering effect of interpopulation variability in life history and phenology (Schindler et al., 2010; Utter & Ryman, 1993) . On the other hand, targeting multiple populations can lead to high harvest rates on depleted or endangered populations (Branch, Lobo, & Purcell, 2013; Clayton, Keeling, & Milner-Gulland, 1997; Crozier et al., 2004) . Catches should thus be apportioned among populations in order to quantify harvest rates and allow implementation of measures to fully utilize productive populations, while protecting weak ones.
Mixed stock fisheries serve as a widespread example of spatially structured population interactions. Typically, the contributions of different populations (stocks) to catches are unknown, but must be quantified to estimate stock-specific harvest rates and specific appropriate management measures. Stock composition in mixed catches has been estimated using a variety of approaches (see Bradbury et al., 2015; Cadrin, Friedland, & Waldman, 2005) , including tagging (e.g. Brodziak, 1993; Hoenig, Latour, & Olney, 2008) , age structure (e.g. Chasco, Hilborn, & Punt, 2007) and genetic methods (Grant, Milner, Krasnowski, & Utter, 1980; Koljonen, 2006; Milner, Teel, Utter, & Burley, 1981; Utter & Ryman, 1993) . Genetic methods use markers such as allozymes, mitochondrial DNA, microsatellites or single nucleotide polymorphism (SNPs) that show variation among stocks. Genetic mixed stock analysis (MSA) estimates the proportions of contributing baseline stocks to a mixed sample and may also assign individuals of unknown origin within the mixture to a stock or stock group. It essentially compares an individual's observed multilocus genotype with a "baseline" that comprises multilocus genotype distributions from individuals of known stock of origin.
Genetic MSA has traditionally been performed as a separate analysis, external to models of population dynamics, whereby estimates of stock composition from MSA are used as inputs to population models (either as observations or as known fixed quantities) (e.g. Bradbury et al., 2016; ICES, 2017; Michielsens, Mäntyniemi, & Koljonen, 2004) .
Integrated population models provide a statistical framework for simultaneously analysing multiple datasets (Abadi, Gimenez, Arlettaz, & Schaub, 2010; Besbeas, Freeman, Morgan, & Catchpole, 2002; Buckland, Newman, Thomas, & Koesters, 2004; Schaub, Gimenez, Sierro, & Arlettaz, 2007) , linking changes in demographic rates and abundance via a model of population dynamics while accounting for both process and observation error (Besbeas & Morgan, 2014; Chandler & Clark, 2014; Schaub & Abadi, 2011) . Information from multiple datasets is combined using the product of likelihoods for independent data sources (Maunder & Punt, 2013; Schaub & Abadi, 2011) . Integrated population models are now widespread in the field of fisheries stock assessment, where they provide a rigorous framework for dealing with the multiple data types and uncertainty related to sampling and process variability that are frequently encountered in this context (Maunder & Punt, 2013 ).
Frequentist and Bayesian implementations have been developed for both genetic MSA and individual assignment (e.g. Kalinowski, Manlove, & Taper, 2007; Manel, Gaggiotti, & Waples, 2005; Millar, 1987; Pella & Masuda, 2001 ) and integrated population models (Besbeas, Lebreton, & Morgan, 2003; Besbeas et al., 2002; Brooks, King, & Morgan, 2004; Taylor, McAllister, Lawson, Carruthers, & Block, 2011) . In the context of genetic MSA, Bayesian approaches assign individuals to populations probabilistically, accounting for uncertainty about mixture composition and population-specific allele frequencies (Bolker, Okuyama, Bjorndal, & Bolten, 2007; Pella & Masuda, 2001; Pritchard, Stephens, & Donnelly, 2000) . Bayesian statistical methods are more robust to estimation problems caused by missing data and rare alleles (Corander, Marttinen, & Mäntyniemi, 2006) and offer improved performance in both mixture analysis and individual assignment (Bolker et al., 2007; Bradbury et al., 2015) . Bayesian approaches also provide solutions for cases where the number of genetically diverged sources contributing to the observed mixture data is unknown (Corander, Waldmann, & Sillanpää, 2003 Corander et al., 2006; Dawson & Belkhir, 2001) .
A key advantage of the Bayesian approach in general is the possibility to incorporate prior information, for example about demographic rates, or individual origins, which may enhance the statistical power of individual assignment. However, a majority of MSA studies published to date make an assumption of equal prior proportions of different populations in the mixture (e.g. Bradbury et al., 2015; Corander et al., 2003; Pella & Masuda, 2001 ; but see Bolker et al., 2007; and Dann, Habicht, Baker, and Seeb, 2013) . Here, we use prior knowledge about fish movement and stock-specific pre-migration abundances from earlier studies, allowing information flow in both directions: stock composition estimates from MSA are used to learn about population dynamics parameters and vice versa.
Atlantic salmon (Salmo salar L.) is a keystone migratory species in the Baltic Sea and an important regional resource, supplying provisioning services (i.e. catch), cultural services (recreational fishing) and ecosystem services (nutrient cycling, river sediment reduction) (Karlsson & Karlström, 1994; Kulmala et al., 2013) . Wild Baltic salmon populations persist in less than 30 of ~100 former salmon rivers (ICES, 2015) .
Damming, habitat destruction, pollution and intensive fishing have been identified as the main causes of population decline (ICES, 2015; Kuikka, Vanhatalo, Pulkkinen, Mäntyniemi, & Corander, 2014; Kulmala et al., 2013) . In addition to the remaining wild salmon rivers, hatcheryproduced salmon are released annually in several exploited rivers with extinct or severely depleted wild populations, to compensate for the loss of natural production.
Sixteen wild Baltic salmon river stocks are currently assessed by the Baltic Salmon and Trout Assessment Working Group within ICES (ICES, 2015) ; these have been shown to support genetically differentiated populations (e.g. Koljonen, Jansson, Paaver, Vasin, & Koskiniemi, 1999; Säisä et al., 2005) . Baltic salmon have a complex life history, spending 1-5 years in rivers before undergoing physiological adaptations for a saltwater environment (smoltification) and migrating to sea. Individuals usually spend 1 to 4 years feeding at sea before returning to their natal river to spawn (Karlsson & Karlström, 1994) and may repeat the feeding migration to spawn multiple times. While river fisheries generally target specific stocks as a result of homing behaviour, coastal fisheries targeting reproductively mature salmon on their spawning migration typically exploit a mixture of stocks (Crozier et al., 2004) . The composition of samples taken at different coastal locations and times is expected to reflect the differential abundances, migration timings and migration routes of multiple source populations (e.g. Jutila, Jokikokko, Kallio-Nyberg, Saloniemi, & Pasanen, 2003; KallioNyberg, Romakkaniemi, Jokikokko, Saloniemi, & Jutila, 2015) .
Quantitative assessment of wild Baltic salmon stocks indicates large variation in status; several stocks have recovered during the last few decades and are currently underexploited according to the present management target, while others are still depleted with a low probability of recovery under status quo conditions (ICES, 2017) . Management measures are prescribed and implemented at an aggregate stock level, but the large difference in the status of stocks suggests that controlling harvest rates on a stock-specific basis would allow the most efficient and sustainable use of this resource. To maintain coastal and marine mixed stock fisheries, new assessment tools are needed to integrate genetic information from catch samples with other types of data to inform stock-specific management measures.
We present a hierarchical Bayesian model that utilizes knowledge about migration timing, speed and direction from earlier tagging studies and information about pre-migration stock abundances from ICES' assessment to provide a prior for the expected stock composition of mixed Baltic salmon catches in space and time. Our analysis resembles the integrated population model framework, combining raw genetic data (microsatellite allele frequencies and genotypes) with auxiliary data distinguishing reared and wild populations and linking both to the spatio-temporal dynamics of multiple populations. We evaluate the effect of the stock composition prior on estimated mixture proportions and individual assignments in a genetic MSA. We also quantify the improvements in accuracy that can be achieved using auxiliary data on stock of origin group (reared vs. wild salmon stocks), when mixed catches comprise partly of reared fish.
| MATERIALS AND METHODS

| Study system
We apply Bayesian genetic MSA to mixed catches from the coastal fisheries in the Gulf of Bothnia and Baltic proper, which target salmon on their spawning migrations (Figure 1 ). The central and southern parts of the Baltic's main basin form the primary feeding areas for Swedish and Finnish salmon stocks (Carlin, 1969; Karlsson & Karlström, 1994; Siira, Erkinaro, Jounela, & Suuronen, 2009 ). In late spring, Gulf of Bothnia salmon stocks leave the feeding grounds and begin their spawning migrations, moving northwards (Siira et al., 2009 ). 
| Data
| Genetic baseline
The current baseline dataset for Atlantic salmon stocks in the Baltic Sea includes information on 17 DNA microsatellite loci for 39 Baltic salmon stocks, totalling 4,453 individuals (ICES, 2015; Koljonen, 2006) .
In this study, however, we only use the baseline samples for Finnish and Swedish Baltic salmon stocks, excluding stocks in the Gulf of Finland, which follow a partially different migratory route (Karlsson & Karlström, 1994) , and have not been observed in the Gulf of Bothnia (Koljonen, 2006) . The baseline used in this study thus comprises 3,444 individuals from 27 salmon stocks, of which 17 are wild and 10 reared (Table 1) , spanning from River Torne in the north to River Mörrumsån in the south (Figure 1 ).
| Mixture data
We analyse a total of 2,058 adult individuals sampled from coastal trap nets between 5 May and 11 August in 2014 (Table 2; Figure 1 ) (Östergren et al., 2015) . In addition to scale samples for DNA microsatellite analysis (17 loci), we obtained individual data on catch date, location and adipose fin status (present/absent). Alleles found in a mixture sample but not in the baseline are excluded from analyses as in Bolker et al. (2007) . Samples from traps located in the same model box (see Figure 1) were combined for the purposes of statistical analysis.
Hatcheries in Sweden routinely remove the adipose fin from hatchery-reared salmon smolts released into exploited rivers with some exceptions (e.g. for experimental purposes), thus providing a further means to distinguish between wild and reared stocks ( Table 2 ). This is expected to be particularly useful for rivers that support both a wild and a hatchery stock, and for some geographically close wild and reared stocks, which tend to be genetically similar. We investigate the utility of adipose fin presence/absence as a means to improve discrimination between genetically similar fish from reared and wild stocks in the same or neighbouring river systems.
| Genetic analyses
Total DNA was extracted from dry scales and tissue samples (fin clips), followed by PCR and genotyping of 17 polymorphic microsatellite markers. Baseline (river stock) samples were genetically processed in 
| Genetic MSA for Baltic salmon
We present results from three Bayesian genetic MSAs that differ in the amount of prior information and types of data used. We use a slightly modified version of the genetic MSA approach introduced by Pella and Masuda (2001) (the MSA model is described below under Section 2.6). In model 1 (uninformative prior, genetic data only), we follow a standard assumption in MSA and assume equal prior probabilities for the proportions of different baseline stocks for each mixture sample. In model 2 (informative prior, genetic data only), we integrate the genetic data with the population dynamics model prior for spatio-temporal stock composition. Models 1 and 2 do not use auxiliary information about stock type from adipose fin-clipping. In model 3 (informative prior, genetic and fin-clipping data), we use the population dynamics prior and incorporate observation models for both multilocus genotypes and the presence of an adipose fin on sampled fish, indicating whether they are of wild or hatchery origin. 
| Prior for mixture stock composition
The spatially and temporally structured population dynamics model provides a prior for mixture stock composition, defined by the predicted relative abundances of migrating salmon from different stocks in a given time step and area. We divide the Baltic Sea latitudinally into 24 areas, most of which span 0.5° latitude, and longitudinally into east and west domains within each latitudinal box, creating a total of 48 model areas ( Figure 1 ). We model the period corresponding to the spawning migration for Baltic salmon, from mid-April to the end of August, with a fortnightly time step. The timing of the start of migration from the Baltic Sea feeding grounds and the proportion of fish that depart in each time step are allowed to differ among stocks.
For flexibility, the model is set up to enable movement in two directions, the first of which corresponds to the main direction of migration (in our case south to north), and the second of which allows movement perpendicular to the first direction (in our case east-west and west-east). In the following text, we refer to the main direction of migration as primary movement and other movements as secondary movement. To implement unidirectional migration (e.g. a spawning run in a river), secondary movement rates could simply be set equal to 0.
In the following equations, subscript y denotes year, t denotes time step, a denotes age and s denotes stock, s = 1, ... ,S (below we present results from a single year of genetic data, but the model's implementation allows for multiple years). We define two stock groups (g) in the migration model: wild stocks, g = 1; and reared stocks, g = 2. Subscripts i and j are used to index latitudinal boxes (1 to 24); i denotes originating box and j denotes destination box, while k is used to index longitudinal boxes (1 to 2). For each stock, we additionally denote the latitudinal box corresponding to the natal river as SP1 and the longitudinal box as SP2 (Table 3) . 
| Initial conditions t = 1
The number of salmon from stock s in western box i on 15 April (t = 1)
is given by:
The number of salmon from stock s in eastern box i on 15 April is given by:
where γ i is the proportion of individuals in primary box i on 15 April and ξ s is the proportion of individuals in secondary box 1 (i.e. in the We based the initial spatial distribution of mature salmon on 15
April on the distribution of tag recaptures reported in Carlin (1969) (see Supporting Information for details and Table S3 for α γ,i values).
The number of fish that begin their migration at time t = 1 is then
given by:
where Z g(s) is the annual rate of total instantaneous mortality (the sum of fishing and natural mortality) for the group to which stock s belongs.
We use a discretized normal distribution to describe the proportion of salmon from stock s that begins migrating (i.e. moves from the initial spatial distribution) at time t, δ s,t , starting from the initial spatial distribution. Mean migration start date is allowed to occur earlier than the first date modelled (15 April), in which case the proportion of animals migrating in the first model time step is given as the sum of the proportions starting their migrations over the previous and current time steps (see Supporting Information for details).
We model movement as a deterministic process: primary movement is assumed to follow one of three sets of rules, according to the location of a fish in relation to its natal river:
1. South of their natal river, migrating salmon move in a relatively fast, directed fashion (π).
2.
Within the natal river box, residency is most probable a priori, with movements of one box allowed to the south or north (π SP ).
3.
North of the natal river box, the (prior) net movement direction is southwards, although movement farther northward can occur.
Movements of up to two boxes to the south or north are allowed (π N ).
These movement rules reflect observations of relatively direct and fast movements once salmon begin migrating to their natal river to spawn. As the fish approach their home river, their speed decreases and they seek the river mouth (Westerberg, 1982) , remaining there for some time and undergoing adaptation to fresh water before entering the river (Karlsson & Karlström, 1994) . Limited movement beyond the natal river is also supported by results from earlier tagging studies (e.g. Carlin, 1969; Siira et al., 2009) . We assume that the speed of movement in the primary direction (northwards) is the same for all stocks. The expected number of fish moving from primary area i to primary area j at time t = 1 is given by:
where π i,l,s is the probability of moving l−1 boxes in the primary direction (north) from box i, for stock s: π i,1,s thus corresponds to residency, while π i,16,s corresponds to a maximum movement of 15 boxes north. π SP,1:3 is a vector of movement probabilities originating from the spawning area (denoted by the subscript SP), where π SP,2 corresponds to residency in the spawning box. π N,1:5 is a vector of movement probabilities originating from boxes north of the spawning area (denoted
T A B L E 3 Indices and symbols used in the population dynamics model
Symbol Description
Indices by the subscript N), where π N,3 denotes residency. I terms are indicator variables; for example, I i∈SP1 takes the value 1 if i is equal to the (primary) spawning area, and 0 otherwise. Movement for an example stock (Luleälven) is illustrated in Figure 2 . See Supporting Information for details of movement parameter priors and Table S1 for stockspecific spawning areas.
To simplify the model structure, we allowed secondary (east-west and west-east) movements only within certain boxes that have been identified from tagging studies as crossing points for salmon migrating along the coasts of Sweden and Finland, such as the Åland Sea and the Northern Quark (Siira et al., 2009) (Figure 2 ). Instead of allowing secondary movements to be wholly stock-specific, we assume three different modes G(s) for secondary movement, whereby each mode is a distinct pattern of movement with its own estimated parameters, and stock membership to a movement mode is stochastic. Mode 1 is set to no secondary (longitudinal) movement. The expected number of salmon in primary area i in secondary area 1 after movement is given by:
The expected number of salmon in primary area i in secondary area 2 after movement is given by:
where ρ 1,Bl(i,s),G(s) is the probability of moving from secondary area 1 to secondary area 2, for area block Bl and secondary movement mode G.
1−ρ 1,Bl(i,s),G(s) is the probability of remaining in secondary area 1. b i is the lower bound for the box from which movement to area i can occur, defined as b i = max (1, i − 16 + 1).
In addition to fixed secondary movement areas for all stocks (Figure 2 ), salmon are assumed to cross to the side of their natal river in the secondary movement area closest to the spawning box with high prior probability, ρ SP (Figure 2 ). For these areas, the expected number of salmon from stocks with a spawning box in secondary area 1 (Swedish coast) in primary area i and secondary area 1 after movement is given by:
F I G U R E 2 Illustration of movement areas and parameters for an example stock (Lulealven). Longitudinal movement can take place in latitudinal boxes 11-13, 18-20, 23 and 24 (ρ parameters) . Latitudinal movement parameters (π) applying to different boxes are shown alongside the square bracket. In this example, box 23 is the spawning box, within which spawning movement rules apply (inset)
The expected number of salmon from stocks with a spawning box in secondary area 1 (Swedish coast) in primary area i and secondary area 2 after movement is given by:
where ρ SP,k,SP2 is the probability of moving out of area k for stocks with secondary spawning area SP2. Spawning movements are defined analogously for stocks with spawning boxes along the Finnish coast (secondary area 2).
| Population dynamics t ≥ 2
Equations for the second and later time steps are the same as equations presented for t = 1, unless defined below. The total number of fish (non-migrating and migrating) in primary area i and secondary area k at time t is given by:
The number of migrating salmon surviving after total mortality in primary area i and secondary area k in time step t ≥ 2 in year y is given by:
The expected number of fish moving from primary area i to primary area j in time step t is given by:
where h is the rate at which salmon move from the spawning box (see Table 1 ) into the river in one time step. I terms are indicator variables;
for example, I i∈SP1 takes the value 1 if i is equal to the (primary) spawning area, and 0 otherwise.
| Mixed stock sample
The unknown quantities in the mixed stock sample are the proportions q y,i,k,s,t of each stock s in the sample taken in primary area i and secondary area k in time step t of year y. The migration model provides a prior for the expected proportion of stock s in the sample:
In the run where we omit the population dynamics model and make the standard assumption of equal prior probabilities for the proportion of each stock in the mixture, we use a Dirichlet prior probability distribution to ensure that the proportions q y,i,k,s,t sum to unity:
where the parameters β s are given the value 1/S.
| Observation models
| Microsatellite alleles
We assume that Hardy-Weinberg genotype relative frequencies (RFs) hold in all baseline populations, specifying the model in terms of the allele RFs from which genotype RFs are derived. This assumption requires the following conditions to be met: (1) mating within each stock happens at random, (2) the size of each stock is infinite, (3) there is no linkage between loci and (4) there is no temporal variation in baseline allele frequencies. Assumption (2) is clearly not met in reality; however, combined with (1), it means that allele frequencies in a given stock are not subject to random variation and that the two alleles at a given locus in an individual are inherited independently from each other. In practice, we assume that these same effects are achieved if it can be assumed that all subpopulations (baseline stocks) are large enough not to undergo noticeable genetic change over the time frame during which mixture samples are collected.
The number of genetic loci used in the analysis is denoted by L, 
was assumed to be infinitely large, or sampling was performed with replacement, then each individual in the sample has the probability q s to be a member of stock s. Denoting the origin of individual i = 1,…, I
as O i ϵ {1,…,S}, if individual 1 belongs to stock 2, then O 1 = 2, and P(O 1 = 2|q 1 ,…,q s ) = q 2 . In other words, the origin of each individual in the sample follows a categorical distribution, conditional on stock proportions:
If the origin of individual i is known (O i = s), then it is possible to assess the probability to find a particular allele a from the locus l of that individual. This probability is simply the baseline allele proportion 
Thus, the distribution of alleles can also be expressed using two conditionally independent categorical distributions:
The Hardy-Weinberg assumption allows the alleles for the two chromatids to be treated as conditionally independent, meaning that the joint probability of the two alleles at a single locus is the product of their baseline population allele RFs. Ignoring which chromatid each allele came from, genotype probabilities are obtained by summing up the appropriate combinations from this joint distribution.
| Fin-clipping
We used a categorical observation model for fin-clipping observations (fin, wild; no fin, reared), assuming that for the majority of rivers, on average 1% of salmon from wild rivers will be misreported as finclipped, and that 5% of salmon from reared rivers in Sweden will have an intact adipose fin. This 5% arises from a combination of smolts that are missed during fin-clipping, accidental releases of fry or parr, and successful reproduction by reared parents. For reared Finnish stocks and reared Swedish stocks with specific information on proportions of fin-clipped smolts by year (Torneälven Hatchery, Iijoki, Oulujoki, Ångermanälven), we used the scalar product of proportions-at-age at sea and the annual proportions of fin-clipped smolts between 4 and 1 years earlier (fin-clipping information for Finnish stocks was provided by Tapani Pakarinen, Luke). See Table S1 for stock-specific prior fin-clipping proportions.
The observation model for fin-clipping follows the same principles as the observation model for allelic data. Let the state of a salmon's adipose fin be denoted by F, where F = 1 represents an intact adipose fin and F = 2 represents removal of the adipose fin. Then:
where u s,1 and u s,2 denote the proportions of fish from stock s with intact and clipped adipose fins, respectively.
| Simulation study: effect of fin-clipping data
To obtain an indication of the potential gains in assignment accuracy when using fin-clipping observations for Baltic Sea salmon stocks, we estimated stock of origin using the microsatellite observation model described above with 10 sets of 200 individuals (of known stock of origin). Mixture genotypes were sampled without replacement from the baseline and subsequently removed from the baseline for estimation. For simplicity, we omitted the population dynamics prior, using a model with equal prior probabilities for stock proportions, and performing estimation with and without the fin-clipping observation model for each sample. We assumed that fin-clipping information was available for 89% of individuals, the average among mixture samples in the Gulf of Bothnia case study (Table 2 ). Underlying prior proportions of fin-clipped individuals from each stock were set equal to values used in analyses with real data (Table 1) . Assignment accuracy for each individual was defined as the proportion of posterior samples in which the individual was assigned to the correct stock.
Models were implemented in JAGS version 4.00 (Just Another
Gibbs Sampler; Plummer, 2015) using the rjags interface (Plummer, 2016) to R version 3.2.3 (R Core Team, 2015) . A burn-in period of 320,000 iterations was used, after which 480,000 more iterations were kept and thinned at an interval of 250 to yield a final sample of 1,920 iterations. Four chains were run in parallel for all models.
Convergence to the posterior distribution was assessed using visual inspection of trace plots and using the Gelman-Rubin diagnostic (Gelman & Rubin, 1992) . Spatio-temporally structured MSAs for Baltic salmon revealed strong variation in estimated stock composition between areas and over time within a single model area (Figures 3 and 4) . The temporal variation within a given area meant that the mixture could be dominated by different stocks at different times during the 3.5-month period we studied (Figures 3 and 4 ).
| RESULTS
5.54% of Gelman
Moving along a gradient from a less to a more informative situation, differences in inferences about stock composition in time and space became apparent. Under the uninformative prior scenario (i.e. genetic data only), stock composition parameters are only updated in boxes and time steps with genetic marker observations (e.g. compare Figure 3b , with genetic observations, to 3a
and 3c, without). Formalizing available information and knowledge about migration into a prior for population dynamics allowed prediction of stock compositions in all areas and time steps, but with greater uncertainty compared to the uninformative prior-/genetic data-only case (Figure 3 ). Adding genetic marker data (but no finclipping data) generally decreased the uncertainty associated with stock composition estimates (Figures 3 and 4) . Finally, integrating the population dynamics prior with genetic and fin-clipping data led to appreciable gains in the precisions of stock composition estimates compared with either a prior-only or data-only scenario (Figures 3 and 4) and small gains in precision compared with a prior-plus-genetic data-only scenario (Figures 3 and 4) . It appeared that in some cases where there is a lack of agreement between the prior and genetic data, fin-clipping information may be important in resolving stock composition and increasing the precision of estimates (e.g. Figure 4a ).
The improvement in inference gained by the inclusion of finclipping information is perhaps best illustrated at the level of individual assignments ( Figure 5 ). Assignment of individuals to a particular stock was affected by both information about population dynamics and information about stock type (wild vs. reared) from adipose fin observations ( Figure 5 ). For example, using an uninformative prior, the most probable stock of origin for the third individual in Figure 5 is Byskeälven (wild), while embedding the genetic observation model within a prior for population dynamics results in Skellefteälven (reared) being the most probable stock of origin. In this case (third row of Figure 5 ), there appears to be some conflict between the genetic marker and fin-clipping information: the finclipping observation (intact adipose fin) suggests that the individual comes from a wild stock, whereas the most probable stock with genetic marker data only (Skellefteälven) is reared. The relative weight of the fin-clipping data relative to the genetic marker data and population dynamics prior appeared to vary among individuals (cf. first and third rows, Figure 5 ).
Unless stated otherwise, the remaining results in this section are from model 3 (informative prior, genetic and fin-clipping data).
Estimated dates for the onset of migration from feeding grounds in the southern and central main basin of the Baltic Sea were updated to varying degrees by the microsatellite and fin-clipping data ( Figure 6 ). On average, the timing of migration was generally later for reared stocks compared to wild stocks ( Figure 6 ). Among wild stocks, there also appeared to be a north-south cline in migration timing (with F I G U R E 5 Example posterior distributions for individual assignments from the sample taken in box 21 (west) in 2014. Each row represents one individual. Left column, equal prior probabilities (no fin-clipping information); central column, population dynamics prior, no fin-clipping information; rightmost column, population dynamics prior with fin-clipping information. Actual fin-clipping observations: row 1, no adipose fin (hatchery); row 2, no adipose fin (hatchery); row 3, adipose fin (wild); row 4, no adipose fin (hatchery); row 5, no adipose fin (hatchery). Stocks to the left of the vertical red line are wild; those to the right are reared. Stocks are listed in order of river latitude (from left/north to right/south) within wild and reared groups F I G U R E 6 Timing of the onset of migration from feeding grounds in the main basin. Stocks to the left of the vertical red line are wild; those to the right are reared. Stocks are listed in order of river latitude (from left/north to right/south) within wild and reared groups several exceptions, including the Mörrumsån stock from the southern Main Basin; Figure 1 ), so that stocks from rivers farther north tended to start migrating earlier ( Figure 6 ). Differences in the onset of migration appeared to be countered by migration distance to some extent, so that arrival times at more southerly spawning areas were often earlier than those for more northern rivers (Figure 7) .
Updating of the prior for latitudinal movement in each 2-week time step was limited, with the most updating occurring for the probability of remaining in the same primary box (π 1 ), to a higher value than under the prior (Figure 8a) . The genetics and fin-clipping data were informa- Movement mode 3 was associated with net west-to-east movement at both the Quark and the northern Bothnian Bay (Figure 8d and e).
The estimated pattern of movement during the coastal migration is illustrated for the Luleälven reared stock (Figure 9 ). This stock is estimated to have migrated north primarily along the Finnish coast, before crossing back to the Swedish coast in the northern Bothnian Bay to reach the natal river (Figure 9 ).
The prior for the annual instantaneous rate of natural mortality in reared salmon was updated slightly by the genetic and fin-clipping data, although there was no update of the prior for the natural mortality rate in wild Baltic salmon (Figure 10 In our study, the population dynamics prior had a noticeable effect on individual assignments, as well as on estimated mixture proportions ( Figure 5 , Figure 11 vs. Figure S5 ). Adding fin-clipping data had a less marked effect ( Figure 5 , Figure 11 vs. Figure S6 ), but still led to differences in estimated mixture proportions, particularly for genetically similar stocks. In some cases, adding fin-clipping data either did not change an individual's assignment or led to a more or less even distribution of the probability between wild and reared stocks.
| Effect of fin-clipping data
Analyses with simulated data indicated that an auxiliary marking such as fin-clipping can impact estimates of mixture population proportions ( Figure 12 ) and improve the accuracy of individual assignments. Mean (over individuals) assignment accuracies without fin-clipping observations ranged between 59% and 69%, while mean assignment accuracies with fin-clipping observations ranged between 65% and 74% for the 10 simulated datasets evaluated.
The overall average gain in assignment accuracy using fin-clipping data was 5% (assignment accuracy with fin-clipping data minus assignment accuracy without) for Gulf of Bothnia salmon stocks. This increased accuracy was most pronounced for genetically similar stocks, particularly in the case of reared and wild pairs originating from the same river or neighbouring rivers [e.g. the wild Vindelälven (18% gain in accuracy with fin-clipping data) and reared Umeälven (30% gain) stocks; the wild Piteälven (8% gain) and reared Luleälven (18% gain) stocks and the wild ("TW," −1%) and hatchery ("TH," 17%)
Tornionjoki River stocks].
| DISCUSSION
We have presented an integrated model for the joint inference of the spatial dynamics of multiple populations. This approach is expected to have utility for a number of applications in ecology (e.g. metapopulation dynamics and management of species with genetically distinct subpopulations), particularly where a hierarchical structure can be used to describe differences among members of the same group (in our case genetically distinct stocks of Baltic salmon).
Performing an integrated analysis where the raw genetic data are embedded into the population dynamics model (rather than using a twostep approach) avoids loss of information that can occur when raw data are summarized and allows uncertainty to be appropriately accounted for.
Empirical studies have shown that integrated population models can yield more precise estimates of demographic parameters than separate models (Besbeas et al., 2003) . In some cases, combining multiple datasets and diverse knowledge in an integrated approach is the only feasible solution for parameter estimation (Besbeas et al., 2002; Schaub et al., 2007) The advantages of Bayesian statistical methods for mixed stock analysis are widely recognized, although the potential to incorporate prior information is often overlooked. We developed a mechanistic model of population dynamics as a prior for spatio-temporal stock compositions. Our study demonstrates the benefits of utilizing available prior knowledge in the context of genetic MSA, both in reducing uncertainty in stock composition estimates in areas and at times when observations have been made, and in making mechanistically based inferences about stock composition in areas and at times when data are lacking. This represents a step forward in the use of prior information in MSA problems with spatial and/or temporal structure from earlier studies that assumed equal prior mixture proportions or applied a sequential Bayesian approach to a time series of mixture samples (e.g. Bradbury et al., 2015; Dann et al., 2013) . Our approach F I G U R E 1 0 Prior (dashed grey lines) and posterior (solid black line) probability density functions for the annual instantaneous rate of natural mortality (M) in wild and reared salmon, and the proportion of salmon in the spawning box that enters the natal river in each time step (fortnight) also shows that spatio-temporal difference in stock composition can be used to learn about underlying demographic processes, particularly population-specific movements.
Populations that undergo simultaneous harvest present a unique set of challenges for management and conservation. Together, developments in genetic marker technology and MSA methods are facilitating the design and implementation of population-specific management measures (Bradbury et al., 2016; Dann et al., 2013) . Our analysis demonstrates complex stock-specific patterns of migration along the Swedish and Finnish coasts that create strong spatio-temporal variation in stock composition in Baltic salmon catches. The pattern of temporal variation in stock composition within a given spatial area (Figures 2 and   3 ) can be explained by variation among stocks in the onset of migration (Figure 6 ), together with the characteristics of migration (salmon slow down becoming more spatially aggregated closer to the natal river and are eventually lost from coastal areas as they enter the river). The results from our study provide valuable information for management of Baltic salmon stocks that vary markedly in their status, and for setting potential catch quotas under an MSY-based management approach.
These issues are priorities for future work.
Overall, our results are consistent with the findings of earlier studies on the migration of salmon in the Baltic Sea. Later arrival of reared fish compared with wild ones has been noted by several authors, including Siira et al. (2009) and Karlsson and Karlström (1994) , who reported an approximately 10-day later arrival date for reared salmon stocks in the northern Gulf of Bothnia, compared with wild ones. In our study, the posterior median of the hyper-prior mean migration start date for reared stocks was ~15 days later than that for wild stocks. Siira et al. Rivinoja, Leonardsson, & McKinnell, 2008; McKinnell, Lundqvist, & Johansson, 1994) . This is consistent with our estimated peak arrivals at the river mouth during the fortnight 10-24 June in 2014 (Figure 7c ).
The microsatellite data were informative about population dynamics parameters governing migration timing and patterns of movement in the Baltic Sea, but less so about mortality parameters.
This likely resulted from a combination of informative priors and a weak signal about absolute rates of mortality in the genetic datathe data may however be informative about relative rates of mortality for different populations or population types (e.g. wild vs. reared salmon stocks), according to the rates at which numbers of fish from different groups decay over time. We used posterior distributions for annual mortality rates from ICES' assessment (ICES, 2015) as priors for total mortality. This is expected to result in conservative estimates of total mortality, owing to the fact that catch data are not yet included. The prior for the initial (pre-migration) spatial distribution is based on tag recapture data from the 1960s (Carlin, 1969) , which were down-weighted owing to the long period of elapsed time and possibility of an altered initial spatial distribution in recent years. While this prior is not expected to have a large effect on the overall results (because of the modest prior sample size (Table S3) , coarse spatial resolution of the model and flexible description of movement), substantial changes in the spatial distribution in early
May could be expected to lead to slight biases in estimates of model parameters such as migration start times.
Addition of an observation model for catch data from the coastal trap net fishery, allowing estimation of stock-specific harvest rates and escapement for the coastal fishery, is planned as the next step in this work. Extending the analysis to multiple years within a hierarchical framework would facilitate predictions about stock-specific movements and catch composition in future years. We did not account for process uncertainty in our model-in reality, both rates of survival and movement can be expected to show random variability. Explicitly modelling process and observation error can reduce bias in parameter estimates, confidence intervals and hypothesis tests (Maunder, Deriso, & Hanson, 2015; de Valpine & Hastings, 2002) . Extending the model to a state-space framework is a further avenue for model development.
In summary, we have developed a model for jointly inferring the movement dynamics of multiple populations, demonstrating the method using data from fisheries on Gulf of Bothnia salmon stocks. This tool can potentially be used to evaluate spatio-temporal management actions for mixed stock fisheries. In the case of Baltic salmon it will enable allocation of fishing effort to target reared and healthy wild stocks while avoiding weak ones. Overall, genetic marker data appear to have strong potential to inform populationspecific management of migratory species, with enhanced utility when integrated with knowledge about population status and movement dynamics.
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